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Abstract

We presenta geneal techniquefor directly estimatingand
tracking surfacesfrom a streamof recti ed stereo pairs in
real-time Thesetechniquesare basedon the iterative up-
dating of surfacerepresentationdirectly from image in-
formation and use no disparity seach exceptduring ini-
tialization. We performthe tracking throughan iteratively
re-weightedeast squaes minimizationwherein a maskis
incorporatedto increaserobustnesgo occlusion. The al-
gorithmsare formulatedfor a geneal family of linear in
parametes surfacemodelsand discussedor the casesof
planar surfacesand tensorproductsurfaces. Thesealgo-
rithms havebeenimplementedn standad hardware and
run at or near framerate, with accuracy on the order of
1/20 of a pixel. We discussapplicationsof the technique
includingmobilerobotlocalization,generl deformingsur-
facetracking, andbiometryof biological surfaces.

1. Intr oduction

Computationasterechasthepotentialto provide denseac-
curaterangeinformationto a setof visible surfaces. In-
deed,over the lastdecadethe advent of cheap faststereo
systemdhasled to a resugenceof interestin stereovision.
However, mostreal-timesystemsarecurrentlybasedntra-
ditional “brute force” searchtechniquesisinglocal match
measuresSuchmethodsarewell-known to suffer in cases
of occlusionand areasof low-texture, and provide depth
informationof limited (and sometimegjuestionablepccu-
ragy [15].

We have developedeffective multi-camergrocessingl-
gorithmsthatcanreconstruceindtradk the evolution of the
setof rigid or deformingsurfaceshatcompriseascene As
describedn Section3, we have foundtheresultsto befast,
stable,and suggestie of accurag on the orderof 1/20 of
a pixel in disparity resolutionrunning at framerate. Our
formulationimposesno scaleor structuralconstraintsand
implicitly veri es surfacesat every frame. The projection
of patternedand polarizedlight allows accuratetracking
of surfaceswith specularitiesand low texture. We apply

this methodin multiple settings,including robot localiza-
tion andbiomedicalsurfacetracking.

Our approachis motivatedby previous work in image
registration[12, 9, 17, 18] andtemplatetracking[4] which
posesthe temporalcorrespondencproblemas one of ob-
jective function minimizationover a family of allowedim-
agedeformations.In our case we considerthe stereodis-
parity map on animageregion to be a time-varying para-
metric function and optimize a setof parameterglescrib-
ing that map. We extend and generalizeprevious work
on tracking and registrationas follows. In [17, 18], uni-
form, bi-linear splinesare usedasa registrationtechnique
to computeoptical o w. In the caseof (calibrated)stereo
we incorporatethe epipolar constraintinto the optimiza-
tion processthereforereducingthe dimensionalityof the
problem.Furthermorewe formulatethe problemin acom-
putationallyef cient, time-varying frameavork and,in that
context, include methodsto handlesurfacediscontinuities
andocclusions. In monoculartracking, one of the princi-
ple dif culties is the lack of 3D information. Indeed,al-
mostall monoculartracking methodsmake someimplicit
or explicit assumptioraboutthe 3D structureof thetracked
object[11, 5] andcomputeinter-frameor sequencenotion
basedon it. In our case,we aredirectly inferring the 3D
structureof the surfaceanddo not explicitly track the mo-
tion of pointson the surface[7, 16]. Finally, sincewe do
nottrackmotion,our algorithmscanbene t from projected
scenetexture to improve local surfacediscriminationand
accurag [8]. In fact, we caneventailor the light to best
improvethe performancef local optimization.

The remainderof this paperis structuredasfollows. In
thenext sectionwe formulatetheoptimizationproblemand
presenta solutionfor parameteupdatesandmaskcompu-
tation. In Section3, we describetwo implementationof
our algorithmand presentresultsdemonstratingts perfor
mance. In Section4, we discusssomeextensionsof our
algorithmsandin Section5 we conclude.



2. Mathematical Formulation

In this developmentwe assumea calibratedstereosystem.
Thus, incoming pairs of imagescan be recti ed to form
an equialent non-verged stereopair. Let L(u;v;t) and
R(u; v;t) denotethe left andright recti ed imagepair at
timet, respectiely.

In the non-wergedcase the disparitymap,D is a map-
ping from image coordinatesto a scalaroffset such that
L (u;v;t) andR(u + D (u;v);v;t) aretheprojectionof the
samephysicalpoint in 3D space. As outlinedabove, our
objectve is to estimatea setof parameterp 2 <" that
describea parametriadisparitymapD : <" <21 <1
This disparitymapis de ned on a givenregion A of pixel
locationsin the left image. For simplicity, we will con-
siderA to be anenumeratiorof imagelocationsandwrite
A=f(u;v)% 1 i N:

In traditional region-basedstereo,correspondencesre
computedy asearctprocesshatlocateghemaximumof a
similarity measurale ned onimageregions. As we intend
to performa continuousoptimizationover p, we areinter-
estedn analyticalsimilarity measuresCandidatdunctions
includesumof squaredifference{SSD),zero-mear§SD
(ZSsD),andnormalizedcross-correlatiofNCC) to name
afew. Rohustobjective functions[6] might alsobe consid-
ered.As we show below, we achieve similar effectsusinga
reweightingloop in the optimization[3].

We chooseour objective to be ZSSD.In practice,zero-
meancomparisonmeasuregreatly outperformtheir non-
zero-meancounterpartdl] asthey provide a measureof
invarianceover local brightnessvariations. If the average
is computedusingGaussiarweighting,thenthis difference
canbe viewed asan approximatiorto corvolving with the
Laplacianof a GaussianIndeed,sucha corvolution s of-
tenemployedwith the samegoal of achieving local illumi-
nationinvariance.

Let L(u;v;t) = L(u;v;t) (L M)(u;v;t) and
R(u;v;t) = R(u;v;t) (R M)(u;v;t) where denotes
convolutionandM is anappropriateaveraging Iter kernel
in the spatial-temporatiomain. De ne di = D(p;uj;Vi).
We canthenwrite our choseroptimizationcriterionas

O(p) = wi (L(uj;vist)
(uivi)2A

R(ui + di;vi;1))?
1)

where w; is an optional weighting factor for location
(ui;v)e

For compactnes®f notation, considerA to be x ed
and write L(t) to denote the N 1 column vec-
tor (L (ug;vi;t); L(uz;vast); i L(uy ;v ;1) % Likewise,
we dene R(p;t) = (R(uy + di;viit);::R(un +
dn ;v 5 )%

We now adoptthe samemethodasin [12, 9, 4] andex-
pandR(p;t) in aTaylor seriesabouta nominalvalueof p:
In thiscasewe have

O(4p) = k(L) R(p+4p;t)w2k?
k(L) Rp;t) JI(p;t)4 p)W2K?
= k(E(p;t) J(p;t)4 p)Wr2k? )

whereE(p;t) L(t) R(p;t); J(p;t) = GR=@ isthe
N  n Jacobiarmatrix of R consideredisafunctionof p;
andW = diag(wz;wo;:::wy): Furthermoreif we de ne
Jp (p) = @ =@; we have

J(p;t) = diag(Lx(1))Jo (P) ®)

whereL 4 (t) is thevectorof spatialderivativesof L (t) taken
alongtherows?!

It immediatelyfollows thatthe optimal 4 p is the solu-
tion to the (overdeterminedjinearsystem

IPYWI(PiY) 4p=J(p:i) WE(p;t) (4)

In the casethatthe disparityfunctionis linearin param-
eters Jp is aconstanmatrixandJ variesonly dueto time
variationof the gradientson theimagesurface.

At this point, the completesurface tracking algorithm
cannow bewritten asfollows:

1. Acquirea pair of steredmagesandrectify them.

2. Corvolvebothimageswith anaveraging Iter andsub-
tracttheresult.

3. Computespatialx derivativesin thezero-meareftim-
age.

4. Warptherightimageby a nominaldisparitymap(e.g.
thatcomputedn the previous step)andsubtractfrom
thezeromeanleft image.

5. Solwve (4).

The nal two stepsmaybeiteratedif desiredio achieve
higherprecision.Theentireprocedurenayalsoberepeated
at multiple scalesto improve corvergence,if desired. In
practicewe have notfoundthisto benecessary

IHere,we shouldin factusethe spatialderiatives of the right image
afterwarpingor a linear combinationof left andright imagederiatives.
Howeverin practiceusingjustleft imagederiativesworkswell andavoids
the needto recomputeémagederivativesif iterative warpingis used.



2.1 SurfaceFormulations

In practice,we have found this formulation mosteffective
for tracking disparity functionsthat are linear in their pa-
rametergthusavoiding the problemof recomputinghe Ja-
cobianof the disparityfunction at runtime). A exampleis
whentheviewedsurfaceis planar[2]. In this casejt is not
hardto shav that disparity is an af ne function of image
location,thatis:

D(a;b;c;u;v) = au+ bv+ ¢ (5)

A moregenerakxampleof alinearin parametersnodel
is a B-spline. Considera setof scan-linelocations and
row locations ; suchthat(; ) 2 A: With m parameters
perscan-lineandn parametergor row locations,a pth by
gth degreetensomB-splineis adisparityfunctionof theform

XX
D(p;: )= Nip () Njg () Pij (6)
i=0 j=0

To place this in the framewnork above, let  denote
anindexing linear enumeratiorof the mn evaluatedbasis
functions,andde ne Bijx = Ni;p( i) Nyq( ;) forall
( i; i) 2 A: It immediatelyfollows thatwe cancreatethe
N mn matrix B

2
B1:1; B2l
§ B2:1; Bz 2

B

Bl;mn
B2;mn

Bn:1; BN;ziiiiBN;mn

andwrite

D(p) = Bp (7)

It follows that the formulation of the previous section
appliesdirectlywith Jp = B:

2.2 Reweighting

Oneof the potentiallimitations with the systemthusfaris
thatit assumesll pixelsin the region of interestfall on a
continuoussurface. In particulay an occludingsurfacein-
troducesa C° discontinuityinto the problem.As we discuss
in Section4, it is possibleto directly introduceC® discon-
tinuitiesinto the splineformulation. However, for now we
considesuch*outliers” to beundesirabl@andto beavoided.
Thereareary numberof methoddgor incorporatingsome
type of robustnessnto an otherwisesmoothlL 2 style opti-
mization. Examplesincludelteratively Re-WeightedLeast
SquaresandExpectation-MaximizationHere,we adoptan
approachhattakesadvantagef thespatialpropertief the
image.We de ne aweightingmatrix at eachnew time step

W (t+ 1) = NCC(L(t); R(p;t)): Thatis, the weightfor

apixel ateachnew iterationis thenormalizedcrosscorrela-
tion betweerthe left andright imagesunderthe computed
disparityfunction.

3. Applications

3.1 Implementation

The algorithmspresente@bove have beenimplementedn
Matlab/me andin C. The Matlabversionis usedto gather
dataandverify resultswhile the C versionrunsnearframe-
rateandis usedasa demonstratiorsystem.The C version
usesthe OpenGLAPI to renderthe reconstructecgurface
with the video streamtexture mappedonto the surfacein
real-time,andit alsouseghe XVision2andIntel Integrated
PerformancédrimitivesLibrariesfor video andimagepro-
cessing.Unlessotherwisenoted,we run the real-timesys-
tem on a PentiumIV running Linux with an IEEE 1394
stereocamera.Thetrackingsystemoperatesasfastasthe
stereovision systemproviding arecti ed streanof images
at a maximumof 26Hz. Biomedicaltracking systemsun
at frame rate, althoughintra-operatie sequencesre pro-
cessegost-operatiely.

In all cases,processingis initiated with a standard
correspondence-basstereocalculation. However, asthe
results indicate, the algorithm admits an approximating
planefor theseed.

3.2 Mobile Robot Localization

The algorithmis appliedto robot navigation. Many tasks
on amobilerobotrequireknowledgeabouttheincremental
changesn positionduring the operation. We obsene that
whenviewedin a non-vergedstereosystem planesproject
to alinearfunctionin the disparity (5). Thus,trackingthe

threeparameters a b ¢ issufcient totrackthe3D

plane.For furtherinformationanda completediscussiorof

detectingandsegmentingplanarregionsfrom inputimages,
referto [2].

Therelative localizationbetweerconsecutie cameraac-
quisitionsis basedon signi cant planesin the eld of view
of thecameraEachplaneallowstheestimatiorof threeout
of thesix possibleparametersf thepose.A setof two non-
coplanamlanesallows the estimationof the 2D positionin
thegroundplaneof thelocal areaandall rotationanglesof
therobot. Therefore relative localizationis possiblewhen
atleasttwo planesaretracked betweerframes.

For the experimentdiscussedh this sectionwe areus-
ing asterecheadwith 5.18mmlensesa92mmbaselineand
squarepixels0.12mmwide. Theplanebeingobsened,un-
lessotherwisespeci ed, is roughly orthogonalo the view-
ing axisandata depthof one-meter



Tablel: Parameteestimationaccurag for a planeatadis-
tanceof aboutonemeter

Z Mean | Z StdDev | NormalError StdDev
1| 1064.8nm | 2.235%m 0:2947
2 | 1065.3nm | 1.7368nm 0:2673
3 | 1065.2nm | 1.5958nm 0:2258

3.2.1 ConvergenceRadius

For a controlled ervironmentwith a stationaryplaneand
robot, we calculatedan initial guessfor the planeparame-
tersandthenvariedthis guesgo testthe robustnesof the
trackingalgorithmto initialization error.
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Figure 1: Graphfor corvergencewhile introducingerror
into theseedsdepthby 2, 5 and10 percentowardthecam-

era.

In Figure 1, we shav thetime to corvergencewhenwe
shift the seeds depthcloserto the cameraat varyinglevels.
The corvergencespeeds directly proportionalto the mag-
nitudeof theintroducederror. We notethatthecorvergence
speeds only about5 framesfor anerrorof 10%.

3.2.2 Accuracy of Parameter Estimation

Assuming a suitably textured scene,the algorithm esti-
matesa planes parameterswith sub-piel accurag (ap-
proximatelyl pixel percm). However, this estimationac-
curag varieswith the depthof the planebeingtracked be-
causdhedepth-perdisparityincreasessthedistanceo the
planeincreasesTablel shonsthe statisticsfor theplane.
For anon-stationargcenewe shav theaccurag of our
systemagainstherobotsinternalodometry Figure2 shavs
therobotperformingoscillatoryrotationsin front of aplane
(700mm distance) We seethatthe algorithmperformsex-
tremelywell for the rotationalmotion. The estimatedori-

entationlags minimally behindthe odometricvalues;the
lengthof thelagis proportionalto the corvergencespeed.
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Figure2: Accurag of robotorientation.

3.3 Tracking Deforming Surfaces

The algorithmmay alsobe appliedto trackingdeformable
surfacesin a variety of applications.This techniqueoffers
ameango physicallymodelthe o w or irregulardeforma-
tion of continuoussurfaceswithoutimposingconstraint®n
scaleor structure. The systemimplicitly veri es the sur
faceat every step.Thesefeaturesensurehatit canreliably
trackthetruemotionof a ag in thewind, the gentleswell
of anoceanwave, andeventhe otherwiseindistinguishable
irregularitiesof a beatingheart.

Sincethe computationallylimiting stepof the systemis
dominatedby the solution to the large linear system(4)
which is dependenbn the size of the region being ob-
senedandtheresolutionof thecontrolpoints,it is ambigu-
ousto give hardframe-rates However, in the typical case,
we track an imageregion about20 percentof the image,
andusebi-cubic surfacesapproximatedvith 4 to 6 control
pointsin eachdirection,runningat framerate. Furtherim-
provementswill take advantageof the bandecdhatureof the
linearsystemandothersimplealgorithmicconsiderations.

3.3.1 Convergencevs. Parameter Density

As notedby otherauthorq15], it is dif cult to measurghe
accurag of sterecalgorithmsasthereis usuallyno way to
getgroundtruth. Onemeasureof performances the abil-
ity of the algorithmto correctlyregisterthe left andright
images. To this end, we plot the meanimagedifference
betweenthe left and the warpedright image on a repre-
sentatve sequencdor threedifferentcontrol point resolu-
tions (Figure 3). The graphsshawv the averagepixel er
ror per iteration. The noticeablepeakscorrespondo new
imagesin the sequencefor a givenframeof the sequence



we continuouslyre ne our surfaceapproximatioruntil the
intra-iterationupdateis belowv a threshold.For our experi-
ments,we usea corvergencethresholdof 10 3 pixels. As
expectedfor alow control point density the averagepixel
erroris slightly higherthanfor highercontrol point densi-
ties. However, the corvergencespeeds slower for higher
controlpointdensitieslt shouldbe notedthatthereal-time
systemis not left to corvergeon 10 3. Instead,a nominal
number(2-5) of iterationsyieldssatishctoryresultswithout
jeopardizingaccurag (i.e. inter-frameimagedifferencere-
mainssmallin realtimerecordings).
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Figure3: TrackingCorvergence.

3.3.2 Tracking Performance

To evaluatethe systems performancei|t is run on a se-
guenceof a deforming surface (Figure 4). For this se-
guencethe modelwasbi-cubic with varying control point
density(4x4,8x8,12x12);therecreatedurfaceandnascent
left intensityimageare provided for selectedkey frames,
alongwith averagepixel error at eachkey frame (Figure
5). Theincreasen pixel errorarisesrom anelevatedinter
framedifferencefor laterframes(recordingat 0.5Hz, with
increasedspeedof deformationstarting at approximately
frame 10). Given the above dataon time to corvergence
(numberof iterations),it is possibleto intuit theappropriate
densityof parameterbasedon the desiredspeedandaccu-
ragy (determinedby evaluationmetricsincluding residual
andparametewrariances).Although an automatednethod
for decidingthis densityhasnot beenfully implemented,
theunderlyingprincipleshave beenformulatedandareun-
der investigation. Theseprinciplesare built on minimum
descriptionlengthformulations[14, 19]. It is importantto
note that the averagepixel error is relatively low in both
scenesgomparedo theacceptedoiselevel of 2 pixel val-
uesfor thesecameras.

3.3.3 StructuredLight

This experimentteststhe performanceof the trackingsys-
tem (bi-cubic with 4x4 control point density)in a scene
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Figure4: TrackingCloth with Varying Control Point Den-
sities.

with projectedpatternedight, or structuredight. Struc-
turedlight canprovide the surfacetexture necessaryo fuel
the optimizationprocessn regions of inherentlylow sur
facetexture. Certainpatternsof light provide bettertex-
turesthan others. For example, a patternwith vertically-
repetinghorizontallinesmaycausehesystento enteralo-
cal minimumwherethe updateddisparity maskis actually
"matching” too distantor too nearcorrespondences the
subtractionprocess.In the next sequencdFigure 6), note
thatasthefrequeng of the patternincreaseso a point, the
pixel erroralsorises.This maybeattributedto theincrease
in overall texture of the higherfrequengy images.This g-
uredemonstratethatasthefrequeng increase®eyondthis
point, the pixel error decreaseagain. As the frequengy of
the patternincreasego an extreme,the projectedight be-
comeshomogeneousand essentiallyactsasa ood light.
Thus,we arrive at the rst conditionof no projectedlight,
wherepixel erroris low dueto lack of texture.

3.3.4 OcclusionRobustness

Thisexperimentis designedo testtheef cacy of theframe-
work in the faceof occlusions. Assumingocclusionscan
berepresentedsC® discontinuitiesthe tracker effectively
masksout occlusionsfrom the optimization process(2),
prohibitingthe occlusionfrom erroneouslyalteringthe un-
derstandingpf the surface. Key-framesof a sequencere
runthroughthetracker, recordingthe maskandreconstruc-
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tionsof thesurface.

Figure 7 shawvs two contrived examplesillustrating the
ability of low degreesplinesto approximateC® andC' dis-
continuities. Theseapproximationsincorporateno knot-
multiplicities. It is evidentthatthe low degreesplinescan
approximatehediscontinuitiesvell.

Although splinescanhandleC® discontinuitiesjn most
casessuchdiscontinuitiesare representatie of off-surface
occlusionandwould interruptthe stability of the occluded
surfaces approximation.

As mentionedearlierin Section2.2, we incorporatea
weightingmatrix (amask)into our schemen orderto make
our tracking robust to such occlusions. We calculatethe
weightasthenormalizedcrosscorrelationof thesplinesur
faceat the endof eachframe. The computedmaskof each
frameis dilatedandpropagatedorwardfor the next frame.

Figure7: Fitting Discontinuities.

For eachkey-framesin Figure8, L (top), E (top-middle),
mask(bottom-middle),andthe reconstructedurface(bot-
tom) are provided with and without masking(above and
belov the heary line, respectiely). Note that without the
maskthe surfacedemonstratesxaggeratedieformationin
thefaceof occlusions.

Figure8: Trackingwith/without occlusionrobustness.

3.4. Tracking Biomedical Surfaces

Three-dimensionabiomedicalimagescan provide impor-
tant information aboutthe propertiesof the objectsfrom
which the imagesare derived. An understandingf the
overall surfaceanatomymay provide immensenew oppor
tunities for medical diagnosisand treatmentespeciallyin
roboticassistedumgeries.This techniquecanprovide more
accurateintra-operatie image guidancewhen registration
to preoperatieimagess nolongervalid dueto movements
anddeformationf tissues.

We usedan anesthetizedlVistar rat asan animalmodel.
Imagesof the rat's chests movementwere acquiredby



a stereomicroscope(Zeiss OPMI1-H) mountedwith two
CCD cameragSONY XC77). Theratsfur provideda nat-
ural texture. An eight secondsequencavas processeaf-
ine by our Matlabimplementation.In Figure9 we graph
therespiration(75 breathgerminute)of theratwhich was
computedoy recordinga x edpointonthetrackedsurface.
This disparity representingespirationvariesby 1/10 of a
pixel. Closeinspectiorsuggestanotheperiodicsignalrid-
ing the respiratorysignalthatis of the order of 1/20 of a
pixel. We believe this secondvariationto bethe heartbeat,
althoughfurtherstudiesareneedecton rmation.

Figure9: Graphof ratrespiration.

In a second experiment, a cross-breddomestic pig
(weight, 19.5kg) was anesthetizedavith telazol-ketamine-
xylazine (TKX, 4.4 mg T/kg, 2.2 mg K/kg, and 2.2 mg
X/kg) andmechanicallywentilatedwith a mixture of iso u-
rane(2%) and oxygen. Heartrate was continuouslymon-
itored by a pulseoximeter(SumgiVet, WaukeshaWI). The
daVinci tele-manipulatiorsystem(Intuitive Sumgical, Sun-
nyville, CA) wasusedfor endoscopicisualization. Three
smallincisionswere madeon the chestto facilitatethe in-
sertionof a zero-dgreeendoscopandothersumical tools.
The pericardiumwas openedand video sequencesf the
beatingheartfrom theleft andright camerasvererecorded
at 30 frames/sec.The recordinglastedapproximatelytwo
minutes.

The systemcapturedboth the beatingof the heartand
the respirationof the subject(Figure 10). Theresultsare
consistentvith the othermeasurementse took duringthe
sumgery. In Figure 10, the blueline is a plot of the motion
of a x edpoint on the surface. Therespiration(red-dotted
line) is computediusingSavitzy-GolayFiltering. Foramore
detaileddiscussiorof the experimentpleasesee[10].

4. Extensions

Multigrid Enhancements The results in this paper
speci cally tracksurfacesn pre-speci edregionsof theim-

Figure10: Graphof pig respirationandheartbeats.

ages. However, to handlegeneralimageryand potentially
trackmultiple surfaces furtherresearchs required.In [2],
wetrackmultiple planesusingamaskingiechniquebut this
doesnot generalizeto all linear in parametersurfacesas
thetrackingmethaodin this paperdoes.Thus,we planto ex-
plorethe useof adaptve multigrid techniqueg13]. Multi-
gridsprovide a systematienethodof managingnultiplere-
gionsin theimageeachhaving differentsurfaceparameters.

Tracking Depth Rather Than Disparity Onemight ob-
jectthatlocally polynomial(e.g. locally quadratic)surface
patchesdo not project, in generalto locally quadraticdis-
parity functions. In this regard, we note two facts. First,
if we considemparameterizedangeasa function of image
coordinatesthenfor a non-vergedcamerawe canwrite

D(p;u;Vv) = s=z(p;u;V) 8)

wheres combinesscalingdueto baselineandfocal length.
It follows immediatelythat

rpD(Piu;v) = s=z(p;u;v)r pz(piu;v)  (9)
If we approximatez asa tensorB-spline surface,andwe
de ne z(p) = Bp; thiswe have immediatelythat

Jo(p) =

Thus,we cantrackarangemapratherthana disparitymap
with little extra cost.

Onemight further objectthat this formulationstill does
not adequatehaddresdocally polynomialsurfaces.In this
casethelogical solutionis to userational b-splines. This
is asubjectof our ongoingresearch.

s diag(1=z(p; u; v))?B: (10)

5. Conclusion

We presentedan approachto real-time 3D surfacetrack-
ing anddemonstratedts applicationto a numberof elds



includingmobile-robotnavigation,generaldeformablesur
facetracking,andbiomedicalsurfacetracking. This tech-
niguehasbeenformulatedasa generalinearin parameters
optimizationwithout disparity searching.In performinga
continuousoptimizationovertheseparametersye compute
thedisparitysurfacedirectly from imageintensitydata.We
offerresultsdemonstratinghecorverged t of multiple sur
facedn avarietyof robotic,generalandmedicalschemes.
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